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The Haiti earthquake relief effort in 2010 involved numerous civil and military organizations engaged in 
vigorous relief operations, exemplifying rapid deployment of logistics, transport, security and medical 
supplies. Yet, to determine the effectiveness of these operations, and to understand how these various 
organizations collaborated, and eventually how to improve the future overall effectiveness of these 
operations, requires sifting through large volumes of communications and determining a methodology so that 
analysts may understand how to gain understanding and analyze such data. 
We have been leveraging “Lexical Link Analysis” (LLA), as one means to achieve “System Self-awareness” 
(SSA), and develop this as a methodology to analyze large text-based data sets, such as the interagency 
collaborations and problem solving processes using documents obtained from  traditional communication 
platforms as well as new social media.  Last year, we reported using LLA to analyze open source data 
sources of the Haiti relief operations. This year, we will report on the analysis applied to the APAN (The All 
Partners Access Network) forum discussion data from the relief effort. 
 
2 Introduction 
As we introduced and reported previously (Zhao, etc., 2011), in the aftermath of the Haiti earthquake, US 
military and civil organizations provided rapid and extensive relief operations.  Organizations involved in the 
operation collaborated with each other to negotiate roles, define limits, set business rules etc., to maximize 
efficiency and decrease response times.  To determine that the expectations for effective and efficient 
operations had been attained would require in-depth analysis of collaboration, dialog and resultant outcomes.  
Such analysis by manual means would require numerous man-hours and arduous effort.  
The challenge is to read and understand  the data that are collected in real-life events and to gain insight on 
what  the roles and relationships of these organizations were and how the operations were actually 
conducted, in terms of how various organizations (military and civil) actually interacted- and how their 
synergies were achieved.   
In a technical sense, data sources for analyzing collaborations among military, government and civil 
stakeholders typically include unstructured data such as free text, word, .pdf, or PowerPoint documents in 
collaboration websites such as APAN, and new and varied platforms of communication such as the internet, 
intranet, and myriad social media.  The data has been overwhelming yet may contain the critical insights and 
could impact and help the management of future operations. Cross-examining all this data requires 
automated tools which in the future may provide real-time analysis when applied to future events.   
The US SOUTHERN COMMAND engaged in the HAITI Humanitarian Assistance/Disaster Relief (HA/DR) 
Community of Interest (COI) on the All Partners Access Network (APAN) during the Haiti crisis. The 
APAN data was captured from an MSSQL database.  The samples from the data include:  
 Official documents and briefings in PDF: ~167 PDF file attachments related to HAITI HA/DR from 
1/13/2010 to 5/26/2010 
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 SITREP: ~150 Situation Report documents  
 Forum: ~1400 posts from 1/13/2010 to 6/3/2010 
 Blogs: ~3900 blog messages 
 
In the previous ICCRTS publication (Zhao et al., 2010), we leveraged “Lexical Link Analysis” (LLA) and a 
related concept, “System Self-awareness” (SSA) to analyze the open sources of Haiti operations to address 
the business questions.   In this current paper, we  seek to leverage the same method and concept but focus on 
the APAN forum data.   
The APAN HA/DR forum data originally included many discussions for the disasters, threats, and risks and 
was not limited to the Haiti earthquake, we applied a filter to the posts containing a small word list, i.e. 
Haiti, jacmel, usns, Port-au-Prince, Pap, etc. to exclude the ones with empty message bodies or posted by 
anonymous users, which resulted in the data set of ~1400 posts. This data set not only revealed the 
collaborations among military, government, and civil stakeholders in the crisis via social networks, it also 
recorded the content that reflects how these stakeholders solved problems by addressing issues raised in the 
thread discussions. A discussion thread, for instance, started when a person raised a question, and other 
people followed up with answers with different levels of detail. 
 
In this paper, we will discuss two applications of using LLA and the APAN forum data to: 
 Discover themes and topics in the discussion forum and sort the importance of the themes (Section 
3.2) 
 Discover  social and semantic networks of organizations that were involved, compare the two 
networks to obtain insights to answer the following questions: 
o What were the organizations involved in the important themes in the Haiti operation 
(Section 3.3.2 Table 2, 3, 4 and 5)? 
o How do semantic networks suggest more potential collaboration when compared to social 
networks (Section 3.3.2)? 
3 Approaches 
3.1 Lexical Link Analysis (LLA) 
As in military operations, where the term situational awareness is coined, we note that that our efforts can 
inform awareness of analyzed data, in a unique way that helps improve decision maker’s understanding or 
awareness of its content. We therefore define awareness as the cognitive interface between decision makers 
and a complex system, expressed in a range of terms or “features,” or specific vocabulary or “lexicon,” to 
describe the attributes and surrounding environment of the system.  Specifically, LLA is a form of text 
mining in which word meanings represented in lexical terms (e.g. word pairs) can be represented as if they 
are in a community of a word network.  Figure 1 demonstrates an example of LLA with connected keywords 
or concepts extracted from the documents of Maritime Domain Awareness (MDA) technologies. Words are 
linked as word pairs. Different colors indicate different clusters of word groups.  In Figure 2, the word 
“behavior” is, for example, centered within “suspicious, bad, dangerous, abnormal, usual, and anomalous” 
and so on, showing the ways to describe “behavior” in this data found from MDA.  
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Figure 1: Features Shown as Word Pairs 
 
 
Figure 2: A Single Word Hub Showing Linkage (Detail of Figure 1 in the red circle) 
The detailed steps of LLA processing include applying collaborative learning agents (CLA) and generating 
visualizations, including a lexical network visualization via AutoMap (2009), radar visualization, and matrix 
visualization (Zhao et al. 2010). The following are the steps for performing an LLA: 
 Read each set of documents.  
 Select feature-like word pairs.  
17th ICCRTS, International Command and Control, Research and Technology Symposium, Fairfax, Virginia, June 19–21, 2012 
 5
 Apply a social network community finding algorithm (e.g. Newman grouping method; Girvan et al. 
2001) to group the word pairs into themes. A theme includes a collection of lexical word pairs 
connected each other.   
 Compute a “weight” for a theme for the information of a time period, that is, how many word pairs 
belong to a theme for that time period and for all the time periods. 
 Sort theme weights by time, and study the distributions of the themes by time. 
3.2 Discover Themes 
Figure 3 shows the themes discovered from the APAN forum data set sorted by the number of lexical links 
(i.e. word pairs) - the column “LLA Counts” in each theme.  Figure 4 shows the lexical links in the theme 
associated with the keywords “WATER, AIR, FOOD.”  A theme is summarized generally using a three-word 
list. Each list of words becomes a word hub with a large number of links (i.e. total degree as a centrality 
measure). The word hubs are connected at most, a node apart. Sorted themes indicate the main and important 
topics (themes) discussed in the APAN forum. We further divided data between 1/13/2010 to 6/30/2010 into 
one week as a period after the event until 4/3/2010.  The data after 4/3/2010 belongs to one period. The dates 






Table 1 shows the distributions of LLA counts for the themes associated with keywords “WATER, AIR, 
FOOD” and “PEOPLE, CHILDREN, POST” according to these weeks divided, indicating these activities 
were continuously performed in many weeks after the event. 
 
 
Figure 3: Sorted Themes for All the Threads 
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Table 1: Distributions of LLA Counts in the Weeks 




The themes found using LLA are consistent with the existing doctrines of the roles of military and non-
government organizations (NGO) might engage in  if a disaster like the Haiti earthquake occurs.  For 
example, United States Agency for International Development (USAID) specifies a cluster system for what 
various organizations should perform, where military is employed in the tasks of handling logistics and relief 
supplies (USAID, 2010).  
 
When looking at the detail and the themes produced using LLA, the actual focuses of the APAN forum were 
revealed. Figure 5 shows the themes sorted using the numbers of lexical links in the first and second weeks 
of the Haiti operation (1/13/2010 to 1/19/2010 and 1/20/2010 to 1/26/2010).  Compared to the overall themes 
in Figure 3, themes on the first two weeks were different, indicating priorities in the initial phase of the relief 
effort were different than in the total relief effort.  Figure 7 and Figure 6 show the lexical links for the themes 
associated with the keywords “HIGH, RATES”, “AIRCRAFT, GROUND, ASSIST, ORDERED, 
USNS_COMFORT”, and “SUPPORT, PERSONNEL, CLIENT, UNIT” are not found  among the top ten themes 
in Figure 3.  These were examples of the themes that were unique to the first week.  For example, the theme 
“HIGH, RATES” was related to the fact that the US government provided the analysis and information about 
high fatalities, high risks and high disease rates that might be expected after the event.  This suggests these 
important issues were heavily discussed and collaborated in the time of frame of two weeks. The focuses of 
the APAN forum activities have been shifted from the logistics centric first week to medical and patient 
centric second week in the context of the overall efforts. 
 




Figure 5: Themes sorted for the first week starting on 1/13/2010 (to 1/19/2010) and the second week starting 
on 1/20/2010 (to 1/26/2010). 
 
 
Figure 6: Lexical links for the theme associated with keywords “HIGH, RATES”. 
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Figure 7: Lexical links for the theme associated with keywords “AIRCRAFT, GROUND, ASSIST, 
ORDERED, USNS_COMFORT”. 
 
Figure 8 shows the overlapping of top ten themes sorted by the LLA counts overall (ALL) and the first 
(Week 1) and second weeks (Week 2).  Our observations reveal that:  
 Six out of ten top themes (60%) in the top themes of all are also in the top themes of the first weeks. 
Likewise, seven of ten top themes in the first two weeks are also in the top overall themes, indicating 
the LLA counts are indeed valid measures to sort out the main and important topics and themes. In 
this example, the important topics were handled in the first two weeks of the event. 
 Some of the important topics or themes which are picked out by the LLA counts are not shown in the 
first two weeks. For example, “MEDICAL, TIME, LIMITED” and “PAP, EMERGENCY, 
ASSESSMENT, ASSISTANCE” may not be feasible to address as the high priority items for the 
first two weeks. While the themes “INFORMATION, COMMUNITY, REQUESTS” and “RELIEF, 
FIELD, EFFORT” can be themes that are important across all the time frames. 
 
Figure 8: The overlapping of top ten themes sorted by the LLA counts overall (ALL) and the first and second 
weeks. 
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Much of text analysis depends on initially searching the available internet.  At this point, our efforts are 
sometimes compared to those of a typical search engine. One of the disadvantages of conventional search 
engines is that they typically sort documents based on the popularity of documents among linked documents, 
not based on semantics.  Therefore, it does not satisfy complete search needs nor determine relevance if the 
links among the documents are not available.  For example, the content in the forum is not cross-linked, 
therefore, the discovered or revealed topics or themes cannot be found as prioritized results, if conventional 
search engines are used.  
 
The LLA approach is more properly related to  Latent Semantic Analysis (LSA; (Dumais, Furnas, Landauer, 
Deerwester, & Harshman, 1988; Gorman, 2003; Letsche, 1997) and Probabilistic Latent Semantic Analysis 
(PLSA). In the LSA approach, a term-document matrix is the starting point for analysis.  The elements of the 
term-document or feature-object (term as feature and document as object) matrix are the occurrences of each 
word in a particular document, i.e. A = [ܽ௜௝], where ܽ௜௝ denotes the frequency in which term j occurs in 
document i.  The term-document matrix is usually sparse. LSA uses singular value decomposition (SVD) to 
reduce the dimensionality of the term-document matrix. SVD cannot be applied to the cases where the 
vocabulary (the unique number of terms) in the document collection is large. LSA has been widely used to 
improve information indexing, search/retrieval and text categorization.   
 
A recent development related to this method is called Latent Dirichlet allocation (LDA; Blei, Ng, & Jordan, 
2003), which is a generative probabilistic model of a corpus. In LDA, a document is considered to be 
composed of a collection of words—a “bag of words,” where word order and grammar are not considered 
important. The basic idea is that documents are represented as random mixtures over latent topics, where 
each topic is characterized by a statistical distribution (Dirichlet distribution) over the corpus. Our theme 
generation from LLA is different than LDA, in which a collection of lexical terms are connected to each 
other semantically, as if they are in a social community, and social network grouping methods are used to 
group the words.  Our method is easily scaled to analyze a large vocabulary and is generalizable to any 
sequential data. 
3.3 Semantic and Social Networks 
3.3.1 Extracting Social Networks 
Current research of social network analysis mostly focuses on using a simple, weighted, or arrowed links 
between two objects, such as people or organizations, regardless of the contents (Wasserman, 1994). The so-
called study of centrality (Girvan 2002) has been a focal point for the social network structure studies in 
recent years. Finding the centrality of a network lends insight into the various roles and groupings, such as 
the connectors (for example, mavens, leaders, bridges, isolated nodes), the clusters (and who is in them), the 
network core, and its periphery.  
 
We extract the social networks based how an organization was engaged in a discussion of an issue, i.e., a 
discussion thread. For example, in Figure 9, Organization “DoD Air Force,” ”SSSG,” etc. were engaged in 
the discussion in Thread 5741, regarding the subject “mtpp airfield sitrep”, therefore, we assume these 
organizations were working together and formed social network connections. 
 
Figure 10 shows an organization and thread matrix which lists how many times an organization was involved 
in the thread discussion. This matrix was then used to generate the social networks of participating 
organizations - one organization was connected to another if they were both involved in at least one of the 
same thread discussions. 
 
With the themes separated from the theme discovery process, we were able to look at the organization 
connections within each theme. While traditional social networks typically look at a social network as a 
whole, Figure 11 shows a social network of the organizations involved in the Haiti operation only for the 
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theme “WATER, AIR, FOOD”.  The light blue connections represent the social network connections that are 
overlapped with the semantic networks, indicating that these organizations not only appeared together in the 
same threads, but also discussed concepts and contents similar to each other which were the basis to form 
semantic connections (see Section 3.3.2.). Figure 12 shows the organizations illustrated in a node cloud, 




Figure 9:  An APAN forum discussion thread example 
 
Figure 10: Organization and thread matrix 
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Figure 11: Social networks associated with the theme “WATER, AIR, DATA.” The light blue links are the 
social network links that are also overlapped in the semantic networks. 
 
 
Figure 12: Organizations illustrated in a node cloud: the ones with larger fonts are the organizations with 
higher centralities (total degrees) as found in Figure 11. 
 
Blue: Social Networks 
Light Blue: Overlapped 
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3.3.2 Extracting Semantic Networks  
A semantic network is not necessarily a real connection between two organizations in real-life, 
instead, it is a network measuring how much similarity of content that two organizations present in 
the forum, a measure of like-mindedness.  It is reasonable to assume that like-minded organizations 
do use many of the same terminologies in their communications. For that, like-mindedness is closer 
in meaning to like-wordedness, which is the reason to cluster them together.  In this case, by using 
LLA, a semantic network for two organizations can be generated by counting the common word 
hubs in each theme for the contents of two organizations. In Figure 13, Organization 
“PrivateUSACopernicusEnergyInc” shares the word hubs with various other organizations such as 
“MilitaryUSAArmy” and “MilitarySouthAfricaArmyAZ”. Word hubs in common are “Information-
-”, “Small--” and “Power--”, etc.  The words such as “_Energy” and “_Engineering” attached next 
to the organizations are the self-claimed function areas, possibly reflecting their motivations to join 
the discussions. The weights next to the word hubs, such as “Information--”, “Small--” and “Power-
-”, are the numbers of lexical links in the themes to which the word hubs belong.  They indicate 
how important these word hubs, or semantic connections are for the two organizations, as they are 
sorted in Figure 13. In this example, the word hub “Power--” has the highest weight 302.0.  We also 
submit that some like-minded organizations might use different terminologies in their activities.  
For example, the military and emergency response organizations often use different words, yet for 
the same meaning and organizations.  The military especially seems to use  many acronyms instead 
of words. In this case, LLA often places the different terminologies in the same theme although they 
do not share the same word hubs or appear in disconnected components of word networks such as  
“CVN” and “Carl_ Vinson” shown in Figure 7. In this case, the similarity of two organizations can 
be counted by the words in the same themes.  This paper only addresses the like-mindedness in the 
former case using similarities of word hubs.  
 
 
Figure 13: Using LLA to form semantic network connections 
 
Figure 14 shows the social networks (blue) in Figure 11 overlaid with the semantic networks (green) which 
are associated with the theme with the keywords “WATER, AIR, FOOD.” The light blue connections are the 
ones overlapped in the two networks analyzed. 
 
Note that in Figure 14, a few nodes with only semantic connections, i.e. only green links can be found: These 
are the organizations which had no social connections with other organizations in the theme, however, they 
had discussion content which are similar to the ones of other organizations, therefore, they are the potential 
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high-value targets to be included in the collaborations. Figure 15 shows the word hubs which are the basis for 
one of the semantic network nodes: PrivateUSAStrategos_SecurityContracting. 
 
 
Figure 14: Semantic networks (green) overlaid on the top of the social networks for the theme associated 
with keywords “WATER, AIR, FOOD”. 
Figure 15: The word hubs for PrivateUSAStrategos_SecurityContracting in the semantic network. 
 
Table 2 shows the Organizations involved in the theme “WATER, AIR, FOOD”.  The same analyses can be 
done for other themes. Table 3, Table 4 and Table 5 show the organizations involved in the three other 
important themes “HIGH, RATES”, “AIRCRAFT, GROUND, ASSIST, ORDERED, USNS_COMFORT”, and 
“MEDICAL, TIME, LIMITED”. The highlighted ones are the ones suggested by semantic networks, which 
have no social network connections with other organizations. 
Blue: Social Networks 
Green: Semantic Networks 
Light Blue: Overlapped 


















Table 3: Organizations involved in the theme “HIGH, RATES” 
 















Table 5: Organizations involved in the theme “MEDICAL, TIME, LIMITED” 
 
The core innovation here is to use the LLA method to analyze the forum content, therefore generate 
alternative networks, i.e. semantic networks that can be used to compare with the social networks. When 
comparing semantic networks with the social networks, we showed how to measure synergies among 
organizations and how the synergies can be varied among different themes. We also showed the potential to 
rank high-value organizations earlier in the collaboration process based on their common interests from the 
semantic network analysis for the discovered themes.  
 
4 Additional Observations 
As our goal is to use LLA to understand the synergy, efficiency, and competency of an interagency operation 
that involves many organizations, we use lexical links as metrics to measure synergy-like values.  One of 
such synergy is measured using the ratio of the links in the overlapped parts of social networks and semantic 
networks.  
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Figure 16 shows a holistic view of social networks and semantic networks for the organizations associated 
with the theme “WATER, AIR, FOOD”, where the red connections linking the organizations that have 
content related to the theme.  In Figure 17, the table shows the summary of connection counts for the top ten 
themes found in the overall forum and on the first two weeks (highlighted in yellow).  The table is sorted 
according to the Synergy column, computed as the ratio of from the columns “Social (Blue and Light Blue)” 
and “Overlapped (Light Blue)”. It also lists the number of potential semantic links (green) and number of 
total organizations (red) involved in the theme.  Our observations are summarized as follows: 
1. There are fewer number of organizations involved on the two weeks than in the overall forum, where 
the synergies seem go above the average (>80%) for some specific and time-critical themes, for 
example, “HIGH,RATES”, “PEOPLE,CHILDREN,POST”,  “APAN,CONTACT,USER”, 
“AIRCRAFT,GROUND,ASSIST,ORDERED,USNS_COMFORT”,” 
SUPPORT,PERSONNEL,CLIENT,UNIT”, and “EARTHQUAKE,LEFT,MASSIVE,QUAKE” 
2. There are some themes with relatively low synergies overall and on the two weeks, for example, 
“WATER, AIR, FOOD”, “PATIENTS, LONG, CARE”,”HAITI, OFFICER, PRESIDENT”. This 
may indicate lack of knowledge or expertise in these areas in general. 
3. Comparing the two weeks and the average, the synergies among organizations seem correlated with 
the number of organizations involved in the collaborations: the themes with fewer organizations 
involved have higher synergies.  
 
 
Figure 16: A holistic view of social network and semantic networks for the organizations associated with the 
theme “WATER, AIR, FOOD”. 
Blue: Social Networks 
Green: Semantic Networks 
Light Blue: Overlapped 
Red: Connections to Theme Keywords 
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Figure 17: Synergy measured using the ratios of overlapping connections in the social networks and semantic 
networks. 
5 Conclusion 
In this paper, we explored a real-life data set, i.e.  APAN forum data in the Haiti interagency operation to 
illustrate using the Lexical Link Analysis  1) to discover the themes and sort them according to the 
importance and time; 2) to extract social and semantic networks of participating organizations. 
In summary, the LLA method can be used as a tool to examine historic data and improve future operation; 
identify partners for collaboration or areas of overlap, for example, as a monitoring tool to visualize 
organizational behavior and examining the aspects of the situational awareness of an interagency operation in 
real-time. Automation can be achieved via computer programs or software agents such as CLA to perform 
this task frequently – and in near real-time, thus placing “sifted” data into the hands of analysts allowing 
them the opportunity to understand revealed themes and evolving trends contained within the data that 
heretofore had been buried and likely left poorly understood.   
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